
Zhang and Jonassen BMC Bioinformatics          (2020) 21:110 
https://doi.org/10.1186/s12859-020-3433-x

SOFTWARE Open Access

RASflow: an RNA-Seq analysis workflow
with Snakemake
Xiaokang Zhang and Inge Jonassen*

Abstract

Background: With the cost of DNA sequencing decreasing, increasing amounts of RNA-Seq data are being
generated giving novel insight into gene expression and regulation. Prior to analysis of gene expression, the RNA-Seq
data has to be processed through a number of steps resulting in a quantification of expression of each
gene/transcript in each of the analyzed samples. A number of workflows are available to help researchers perform
these steps on their own data, or on public data to take advantage of novel software or reference data in data
re-analysis. However, many of the existing workflows are limited to specific types of studies. We therefore aimed to
develop a maximally general workflow, applicable to a wide range of data and analysis approaches and at the same
time support research on both model and non-model organisms. Furthermore, we aimed to make the workflow
usable also for users with limited programming skills.

Results: Utilizing the workflow management system Snakemake and the package management system Conda, we
have developed a modular, flexible and user-friendly RNA-Seq analysis workflow: RNA-Seq Analysis Snakemake
Workflow (RASflow). Utilizing Snakemake and Conda alleviates challenges with library dependencies and version
conflicts and also supports reproducibility. To be applicable for a wide variety of applications, RASflow supports the
mapping of reads to both genomic and transcriptomic assemblies. RASflow has a broad range of potential users: it
can be applied by researchers interested in any organism and since it requires no programming skills, it can be used
by researchers with different backgrounds. The source code of RASflow is available on GitHub: https://github.com/
zhxiaokang/RASflow.

Conclusions: RASflow is a simple and reliable RNA-Seq analysis workflow covering many use cases.
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Background
RNA sequencing (RNA-Seq) was introduced more than
ten years ago and has become one of the most important
tools to map and identify genes and understand their reg-
ulation and roles across species [1, 2]. A large number of
studies have been performed using RNA-Seq and resulted
in gene expression datasets available in databases such
as GEO [3] and ArrayExpress [4]. Underlying reads are
typically deposited to the Sequence Read Archive (SRA)
[5], currently containing reads for more than 1,7 million
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samples (https://www.ncbi.nlm.nih.gov/sra/?term=RNA-
Seq). One of the most popular applications of RNA-
Seq is for Differential Expression Analysis (DEA) where
one identifies genes that are expressed at different levels
between two classes of samples (e.g., healthy, disease) [6].
When RNA-Seq is used in a DEA project, the sequenc-

ing reads need to be taken through several steps of
processing and analysis. Often, the steps are organized
into a workflow that can be executed in a fully or par-
tially automated fashion. The steps include: quality con-
trol (QC) and trimming, mapping of reads to a reference
genome (or transcriptome), quantification on gene (or
transcript) level, statistical analysis of expression statis-
tics to report genes (or transcripts) being differentially
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expressed between two predefined sets of samples, along
with associated P-values or False Discovery Rate (FDR)
values. Aligning reads to the genome is the most com-
putationally intensive and time-consuming step. An alter-
native approach is to perform a pseudo alignment to a
transcriptome. This has gained more popularity recently,
due to its high speed and high accuracy [7–9]. It has
been shown that lightweight pseudo alignment improves
gene expression estimation and at the same time is com-
putationally more efficient, compared with the standard
alignment/counting methods [10]. But if the purpose
of analysis is to call genomic variants, then it is still
better to map the reads to the genome [11]. Consid-
ering this, a workflow should provide both quantifica-
tion strategies to satisfy users with different research
interests.
There is a large number of RNA-Seq analysis work-

flows and many have been published and made avail-
able to the user community. We reviewed seven work-
flows published in the past three years [12–18] (see
“Discussion” section for more details). We found that
none of these workflows cover all the needs outlined
above while also being usable for less computer fluent
users. So more complete and easy-to-use workflows are
still needed.
In this article, we present RNA-Seq Analysis Snake-

make Workflow (RASflow) that is usable for a wide range
of applications. RASflow can be applied to data from
any organism and can map reads to either a genome
or a transcriptome, allowing the user to refer to pub-
lic databases such as ENSEMBL [19] or to supply their
own genomes or transcriptomes [20, 21]. The latter
can for example be useful for projects on non-model
species for which there is no public high-quality refer-
ence genome/transcriptome. RASflow is scalable: it can
be run on either supercomputers with many cores (which
enable parallel computing) or on a personal computer
with limited computing resources; it can process data
from hundreds of samples and still consumes very little
storage space because it temporarily copies or down-
loads the FASTQ file(s) of one sample (one file for single
end and two files for pair end) to the working directory
at the time, and it stores only the necessary interme-
diate and final outputs. Using Conda [22], the whole
workflow with all dependencies (version already speci-
fied) can be installed simply with one single command
in a virtual environment. This ensures quick and smooth
installation. Using Snakemake [23], the whole analysis
is completely reproducible and highly user-friendly also
for users with limited programming skills. In the DEA
step, RASflow supports use of paired tests that can
help to strengthen the statistical power and bring out
expression differences related to the phenomenon under
study [24].

Implementation
Figure 1 shows a schematic representation of the RAS-
flow workflow. It starts with performing QC of the raw
FASTQ files using FastQC (https://www.bioinformatics.
babraham.ac.uk/projects/fastqc/). The QC report is
presented to the user along with a question of whether
the reads should be trimmed. When opted for, trimming
is performed using the tool Trim Galore (https://www.
bioinformatics.babraham.ac.uk/projects/trim_galore/)
and subsequently, an additional QC report is generated.
When the user is satisfied with the quality of the reads,

the workflow proceeds to the next step: quantification
of read abundance or expression level for transcripts or
genes. The user decides whether to map the reads to a
transcriptome or a genome depending on the goal of the
analysis and availability of data. If the purpose of the anal-
ysis is to identify differentially expressed genes, it is sug-
gested to map the reads to a transcriptome using pseudo
alignment with Salmon [9]. A quantification table of the
transcripts is generated from this step. Alternatively, the
user can choose for the reads to be mapped to a genome.
The aligner used in RASflow is HISAT2 [25] which has
relatively modest memory requirements (∼4.3GB for the
human genome) compared with for example the STAR
aligner (requiring ∼27GB for the human genome) [26].
The alignment step is followed by a quality evaluation per-
formed by Qualimap2 [27] and feature counting done by
featureCounts [28] or htseq-count [29]. To be noted, after
most of the steps, a summary report is generated using
MultiQC [30].
When a quantification matrix for the genes/transcripts

has been produced, RASflow can proceed to perform a
DEA analysis using edgeR [31, 32] or DESeq2 [33]. RAS-
flow supports both single and paired statistical tests. The
user specifies which statistical test mode to be applied in
the configuration file based on their experimental design.
If the reads were mapped to a transcriptome, DEA will
be done on both transcript- and gene-level. In any case,
the outputs of DEA include three types of tables: normal-
ized quantification tables, some important statistics for
the whole gene or transcript list, and the list of signifi-
cantly differentially expressed genes or transcripts (with
default threshold of FDR < 0.05). The raw count is nor-
malized based on Trimmed Mean of M values (TMM)
[34] (if edgeR is used) or the median-of-ratios method
[35] (if DESeq2 is used) when the reads are mapped to
a genome. But if the reads are mapped to a transcrip-
tome, the normalized values are estimated Transcripts
Per Million (TPM) from Salmon scaled using the aver-
age transcript length over samples and then the library
size by "tximport" [36]. The results of DEA is also visual-
ized with a volcano plot enabling visual identification of
genes with high fold change whose differential expression
is also statistically significant, and a heatmap that not only
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Fig. 1 Overview of the steps performed by RNA-Seq Analysis Snakemake Workflow (RASflow)
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visualizes the expression pattern of the identified differen-
tially expressed genes, but also a clustering of the samples
based on those genes, so that the user can get an idea of
how well separated the groups are.
To ensure smooth installation and reproducibility of the

workflow, all the tools included are fixed to a specific ver-
sion which can be found in the environment configuration
file (env.yaml).

Results
To show users how RASflow works and to familiarize
them with RASflow, we provide some small example
datasets. They are generated as subsets of the original
real data [37]. The figures in this section were gen-
erated by RASflow using the example data as input.
RASflow was also tested on four real datasets: pair-
end RNA-seq of prostate cancer and adjacent nor-
mal tissues from 14 patients (ArrayExpress accession:
E-MTAB-567) [38], single-end RNA-Seq of mesenchy-
mal stem cells (MSCs) and cancer-associated fibroblasts
(CAFs) from EG7 tumor-bearing mice (GEO acces-
sion: GSE141199), pair-end RNA-Seq of Atlantic cod
liver slices exposed to benzo[a]pyrene (BaP) and 17α-
ethynylestradiol (EE2) (GEO accession: GSE106968) [39],
and a benchmarking dataset, single-end RNA-Seq of
highly purified human classical and nonclassical mono-
cyte subsets from a clinical cohort (SRA accession:
SRP082682) [40].
The output of the example dataset can be found on the

GitHub page of RASflow and an overview of the output
folder is shown in Additional file 1: Fig. S1. The output of
the four real datasets can be found here: https://git.app.
uib.no/Xiaokang.Zhang/rasflow_realdata.

Quality control of raw reads and alignments
FastQC checks the quality of the sequencing reads and
produces one report for each FASTQ file. MultiQC is used
to summarize all the reports and merge them into one
document, as shown in Fig. 2a and b. Users are asked to
check the report and decide whether trimming is needed.
If the quality of the reads is good enough, it is recom-
mended that trimming should not be performed since it
would lead to loss of information; but if the quality is low,
trimming is suggested to improve the quality. The raw
reads quality of the human prostate dataset is not good
enough and trimming was therefore performed. The QC
reports of raw reads and trimmed reads can be found in
Additional file 2: Fig. S2.
After the alignment to the genome, the intermediate

output, the BAM files, will be provided to Qualimap2
to evaluate the alignment quality. Figure 2c shows an
example report from Qualimap2.
MultiQC is used to generate a report on the mapping

ratios using the output of feature counting (Fig. 2d).

Quantification of transcripts or genes
If a transcriptome was used as mapping reference, a file
containing the estimated relative abundance and length of
the target transcript is generated for each sample. If the
reads were aligned to a genome, the direct outputs from
alignment are genes’ raw count tables for each sample.

Differential expression analysis
In the first step, the user-specified information on sam-
ple groups is used to produce one count or abundance
file for each group. The raw count or abundance in those
files is then normalized by either edgeR or DESeq2 gen-
erating a corresponding file for each of them. When a
transcriptome is used as mapping reference, depending
on user parameters, gene-level raw and normalized abun-
dance can also be generated, and the downstream DEA
will also be done on both transcript- and gene-level.
During DEA, a statistical test is performed on the raw

abundance (both edgeR and DESeq2 prefer raw other
than normalized abundance) tables of transcripts/genes.
The result includes important statistics such as Log Fold
Change, false discovery rates (FDRs) or adjusted P-value
for each transcript/gene. With a predefined threshold of
FDR (default value is 0.05), the transcripts/genes with
a lower FDR are reported as significantly differentially
expressed, and they are included in a second table. Besides
the tables mentioned above, DEA also generates visual-
izations including a volcano plot (Fig. 3a) and a heatmap
(Fig. 3b).
Williams et al. evaluated hundreds of combinatorial

implementations of the most commonly used tools for
their impact on DEA results, and they concluded that the
method of differential expression analysis exhibited the
strongest impact compared with the choice of tools in
the other steps [40]. We have evaluated RASflow on the
benchmarking dataset they generated using both the tran-
scriptome and the genome as mapping reference, and in
both cases, DESeq2 has a higher recall and edgeR has a
higher precision, meaning that edgeR ismore conservative
in reporting a gene as differentially expressed in this study
case. The differentially expressed gene list of each work-
flow and their performance, including values and ranks
for recall and precision against the evaluated workflows in
[40], can be found in Additional file 3.

Runtime
The most time-consuming part of the whole workflow is
the alignment step. As already mentioned, pseudo align-
ment to a transcriptome is much faster than alignment
to a genome. RASflow was run on four real datasets
using a 1TB RAM 60 cores Dell PowerEdge R910 machine
and the runtime is shown in Table 1. RASflow was also
tested on the mouse dataset using Windows Subsystem
for Linux on an 8GB RAM 4 cores Intel Core 2 machine,
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Fig. 2 Quality control of raw reads and alignment. a The mean quality value across each base position in the read. b The average GC content of
reads. A normal random library typically has a roughly normal distribution of GC content. c Distribution of estimated insert sizes of mapped reads. d
A brief mapping summary

Fig. 3 Visualization of DEA results. a Volcano plot with labeled genes who pass the thresholds of both Fold Change and P-value. b Hierarchical
clustering heatmap with samples along the x-axis and differentially expressed genes along the y-axis
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Table 1 Alignment runtime of three datasets

Dataset Number of samples Size of raw data (GB)
Runtime of alignment (HH:MM)

Transcriptome as reference Genome as reference

Cod 47 244 05:32 69:18

Human 28 137 03:14 20:03

Benchmark 32 36 02:37 11:22

Mouse 8 9.3 00:28 03:46

Mouse_pc∗ 8 9.3 01:11 19:31

*This was run on a personal computer

and the runtime is shown in Table 2. As Table 1 shows,
alignment using a genome as reference takes much longer
than using a transcriptome, especially when the dataset is
large (datasets “Cod" and “Human") or the job is run on a
personal computer (dataset “Mouse_pc").

Discussion
Virtual environment by Conda
The whole workflow is installed and run in a virtual envi-
ronment created by Conda. While creating the virtual
environment, all dependencies using the specified ver-
sions are installed at once. This ensures not only the
smooth installation and running of RASflow, but also a
reproducible analysis independent of the operating system
and machine.

Snakemake as framework
Snakemake is a scalable workflow engine that helps to
manage workflows in an easy way. It divides the whole
workflow into rules with each rule accomplishing one
step of the workflow. The input of one rule is the output
from the rule corresponding to the previous step, mak-
ing the dataflow easy to track. Thanks to this logic, the
whole workflow becomes highly modular, so users can

easily expand the workflow or replace part of it, also for
complicated workflows.
RASflow organizes the rules carrying out one big step

of the workflow in one file (with extension .rules). All the
files are then integrated into one main file (main.py). For
the users who are satisfied with RASflow’s default setting,
they can manage the workflow simply through the con-
figuration file to tell RASflow which pipeline and which
tools they want to use. Advanced users may change the
settings and parameters in the .rules files and may also
substitute tools for example to try out new methods as
they are published.

Transciptome and genome as reference
RASflow allows users to supply their own genomic or
transcriptomic reference. This enables users to study
expression in species where no public reference is avail-
able or the users have alternative references that they
wish to utilize. It should be noted that if one aims for
transcript-level analysis, a transcriptome should be used
as reference.
But some analyses other than DEA require the reads

to be mapped to a genome and gene-level DEA is more
robust and experimentally actionable, so RASflow still

Table 2 Comparison of RASflow with the other workflows published between 2017 and 2019

workflow quality
control

organism mapping reference workflow
for DEA∗

hardware
requirement

installation programming
requirement

year ref

RASflow yes all genome
transcriptome

GB & TB low easy low 2020 NA

UTAP yes 5 genome GB high easy low 2019 [12]

ARMOR yes all genome
transcriptome

TB high easy low 2019 [13]

VIPER yes 2 genome GB high easy low 2018 [14]

BioJupies no 2 genome GB low web application low 2018 [15]

hppRNA yes 2 genome
transcriptome

GB & TB low medium medium 2018 [16]

aRNApipe yes all genome GB high hard high 2017 [17]

RNACocktail no all genome
transcriptome

GB & TB low hard high 2017 [18]

*GB: genome based— gene/transcript quantification and DEA based on reads mapped to a genome; TB: transcriptome based
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provides the traditional workflow of genome alignment
and DEA based on gene counts.

Comparison with other tools
We compared RASflow to other existing workflows as
shown in Table 2. As we can see from the table, some
workflows do not include QC steps [15, 18]. Some of
the workflows are limited to specific organisms typi-
cally human or mouse and in some cases other model
organisms [12, 14–16]. Some of them have functional-
ity only for mapping reads to a reference genome and
do not support the use of a transcriptome reference
[12, 14, 15, 17]. ARMOR includes both genome and tran-
scriptome as mapping reference but does not support
genome-based quantification of expression and subse-
quent DEA.
Considering hardware requirement, BioJupies is marked

as “low" because it is a web application and the com-
pute capacity is offered on the server side. The work-
flows marked with “high" use STAR for genome alignment
which requires about 27GB of RAM to align reads to the
human genome. hppRNA and RNACocktail support both
STAR and other aligners which require comparably low
RAM, such as HISAT2 which is used in RASflow. Tests
performed show that RASflow can be used to run human
genome alignment smoothly on a personal computer with
only 8GB of RAM.
As for workflow installation, RASflow, UTAP, ARMOR,

and VIPER all use Conda to create a virtual environment
and to install the required software, making workflow
installation easy and robust. hppRNA provides scripts to
automatically install all the required software but as it is
not done through the use of a virtual environment, some
software may conflict with software already installed on
the machine. The aRNApipe and RNACocktail workflows
require the user to install all the software manually which
is time-consuming and can also easily lead to version
conflicts.
After installation, executing the workflow can also

present challenges. In order to use the aRNApipe and
RNACocktail workflows on their own data, the user needs
to know programming very well. The hppRNA workflow
comes with a very detailed and useful manual for the
user to follow which helps a lot. The UTAP and Bio-
Jupies workflows both provide graphical user interfaces
and can be used without any programming skills. While
the remaining workflows do not provide graphical inter-
faces, they use Snakemake to manage all the steps in the
workflow, making them easy to use also for those with
limited programming skills.

Extension of RASflow
Thanks to the high modularity of RASflow, it is very
easy to exchange the tools applied in RASflow with

other tools if they are more appropriate for specific
research interest or they are newly developed. Thanks
to the feedback from users, we have already added the
htseq-count tool for feature counting and the DESeq2
tool for DEA as extra options since the first version
of RASflow. Advanced users can also do this by them-
selves without much effort. We welcome any feed-
back and contribution through GitHub page to improve
RASflow.
RASflow can also be extended to realize other func-

tions, such as Single Nucleotide Variant (SNV) detection,
pathway analysis, and so on.

Conclusions
RASflow is a light-weight and easy-to-manage RNA-Seq
analysis workflow. It includes the complete workflow for
RNA-Seq analysis, starting with QC of the raw FASTQ
files, going through optional trimming, alignment and fea-
ture counting (if the reads are mapped to a genome),
pseudo alignment (if transcriptome is used as mapping
reference), gene- or transcript- level DEA, and visualiza-
tion of the output from DEA.
RASflow is designed in such a way that it can be

applied by a wide range of users. It requires little pro-
gramming skills and a well-written tutorial helps users
go through the whole workflow making it very easy to
set up and run RASflow from scratch. RASflow has
low hardware requirements so that it can be run on
almost any personal computer. It can also be scaled up
to make full use of the computing power of a super-
computer or cluster. RASflow can be applied to data
of any organism and the user can choose to map the
reads to a transcriptome or a genome. It also sup-
ports the use of user-supplied transcriptome or genome
references.
RASflow is built on the basis of Conda and Snake-

make, making installation and management very easy.
All the required tools are available on the Anaconda
cloud (https://anaconda.org/) and are wrapped in a vir-
tual environment managed by Conda, making RASflow
independent of the underlying system thus avoiding pack-
age/library version conflicts. The whole workflow is
defined by rules managed by Snakemake, which makes it
highly modular. This means that the advanced users can
easily extract parts of the workflow or expand it based
on their own research needs, and replace the tools used
in RASflow with other tools to explore new pipelines for
analyzing RNA-Seq data.

Availability and requirements
Project name: RASflow.
Project home page: https://github.com/zhxiaokang/RASflow
Operating system(s): Linux, macOS and Windows.

https://anaconda.org/
https://github.com/zhxiaokang/RASflow
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Programming language: Python, R, Shell
Other requirements: Conda
License: MIT License
Any restrictions to use by non-academics: N/A.

Supplementary information
Supplementary information accompanies this paper at
https://doi.org/10.1186/s12859-020-3433-x.

Additional file 1: Figure S1. An overview of output folder of example data.

Additional file 2: Figure S2. (a) The mean quality scores of raw reads from
human prostate cancer data. (b) The mean quality scores of trimmed reads
from human prostate cancer data.

Additional file 3: Tables of differentially expressed gene lists of RASflow
using both the transcriptome and the genome as mapping reference and
using DESeq2 and edgeR as differential expression analysis methods and
their performance.

Abbreviations
DEA: Differential expression analysis; FDR: False discovery rate; QC: Quality
control; RASflow: RNA-Seq analysis Snakemake workflow; RNA-Seq: RNA
sequencing; SNV: Single nucleotide variant; SRA: Sequence read archive; TMM:
Trimmed mean of M values; TPM: Transcript per million

Acknowledgements
We would like to thank the colleagues in dCod 1.0 project for which the
workflow was initially designed. The feedback from the biologists in the
project greatly helped the improvement of the workflow. We would also like
to thank the research school NORBIS where XZ took the training on analysis of
next generation sequencing.

Authors’ contributions
XZ designed and developed RASflow and wrote the tutorial. XZ wrote the
initial draft of the manuscript. IJ supervised the work and finalized the
manuscript. All authors have read and approved the final manuscript.

Funding
The dCod 1.0 project is funded under the Digital Life Norway initiative of the
BIOTEK 2021 program of the Research Council of Norway (project no. 248840).
The funding body had no role in the design of the study and collection,
analysis, and interpretation of data and in writing the manuscript.

Availability of data andmaterials
All the datasets and source codes are available on GitHub.

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 25 November 2019 Accepted: 26 February 2020

References
1. Emrich SJ, Barbazuk WB, Li L, Schnable PS. Gene discovery and

annotation using LCM-454 transcriptome sequencing,. Genome Res.
2007;17(1):69–73. https://doi.org/10.1101/gr.5145806.

2. Lister R, O’Malley RC, Tonti-Filippini J, Gregory BD, Berry CC, Millar AH,
Ecker JR. Highly Integrated Single-Base Resolution Maps of the
Epigenome in Arabidopsis. Cell. 2008;133(3):523–36. https://doi.org/10.
1016/J.CELL.2008.03.029.

3. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M,
Marshall KA, Phillippy KH, Sherman PM, Holko M, Yefanov A, Lee H,

Zhang N, Robertson CL, Serova N, Davis S, Soboleva A. NCBI GEO:
archive for functional genomics data sets–update,. Nucleic Acids Res.
2013;41(Database issue):991–5. https://doi.org/10.1093/nar/gks1193.

4. Athar A, Füllgrabe A, George N, Iqbal H, Huerta L, Ali A, Snow C,
Fonseca NA, Petryszak R, Papatheodorou I, Sarkans U, Brazma A.
ArrayExpress update - From bulk to single-cell expression data. Nucleic
Acids Res. 2019;47(D1):711–5. https://doi.org/10.1093/nar/gky964.

5. Leinonen R, Sugawara H, Shumway M. The Sequence Read Archive.
Nucleic Acids Res. 2011;39(Database):19–21. https://doi.org/10.1093/nar/
gkq1019.

6. Stark R, Grzelak M, Hadfield J. RNA sequencing: the teenage years. Nat
Rev Genet. 20191–26. https://doi.org/10.1038/s41576-019-0150-2.

7. Patro R, Mount SM, Kingsford C. Sailfish enables alignment-free isoform
quantification from RNA-seq reads using lightweight algorithms. Nat
Biotechnol. 2014;32(5):462–4. https://doi.org/10.1038/nbt.2862.

8. Bray NL, Pimentel H, Melsted P, Pachter L. Near-optimal probabilistic
RNA-seq quantification. Nat Biotechnol. 2016;34(5):525–7. https://doi.org/
10.1038/nbt.3519.

9. Patro R, Duggal G, Love MI, Irizarry RA, Kingsford C. Salmon provides fast
and bias-aware quantification of transcript expression. Nat Methods.
2017;14(4):417–9. https://doi.org/10.1038/nmeth.4197.

10. Robert C, Watson M. Errors in RNA-Seq quantification affect genes of
relevance to human disease. Genome Biol. 2015;16(1):177. https://doi.
org/10.1186/s13059-015-0734-x.

11. Adetunji MO, Lamont SJ, Abasht B, Schmidt CJ. Variant analysis pipeline
for accurate detection of genomic variants from transcriptome
sequencing data. PLoS ONE. 2019;14(9):0216838. https://doi.org/10.1371/
journal.pone.0216838.

12. Kohen R, Barlev J, Hornung G, Stelzer G, Feldmesser E, Kogan K, Safran
M, Leshkowitz D. UTAP: User-friendly Transcriptome Analysis Pipeline.
BMC Bioinformatics. 2019;20(1):154. https://doi.org/10.1186/s12859-019-
2728-2.

13. Orjuela S, Huang R, Hembach KM, Robinson MD, Soneson C. ARMOR: an
Automated Reproducible MOdular workflow for preprocessing and
differential analysis of RNA-seq data. G3: Genes, Genomes, Genetics. 2019.
https://doi.org/10.1534/g3.119.400185.

14. Cornwell M, Vangala M, Taing L, Herbert Z, Köster J, Li B, Sun H, Li T,
Zhang J, Qiu X, Pun M, Jeselsohn R, Brown M, Liu XS, Long HW. VIPER:
Visualization Pipeline for RNA-seq, a Snakemake workflow for efficient and
complete RNA-seq analysis. BMC Bioinformatics. 2018;19(1):135. https://
doi.org/10.1186/s12859-018-2139-9.

15. Torre D, Lachmann A, Ma’ayan A. BioJupies: Automated Generation of
Interactive Notebooks for RNA-Seq Data Analysis in the Cloud. Cell Syst.
2018;7(5):556–5613. https://doi.org/10.1016/j.cels.2018.10.007.

16. Wang D. hppRNA—a Snakemake-based handy parameter-free pipeline
for RNA-Seq analysis of numerous samples. Brief Bioinforma. 2017;19(4):
143. https://doi.org/10.1093/bib/bbw143.

17. Alonso A, Lasseigne BN, Williams K, Nielsen J, Ramaker RC, Hardigan
AA, Johnston B, Roberts BS, Cooper SJ, Marsal S, Myers RM. aRNApipe: A
balanced, efficient and distributed pipeline for processing RNA-seq data
in high performance computing environments. Bioinformatics.
2017;33(11):023. https://doi.org/10.1093/bioinformatics/btx023.

18. Sahraeian SME, Mohiyuddin M, Sebra R, Tilgner H, Afshar PT, Au KF,
Bani Asadi N, Gerstein MB, Wong WH, Snyder MP, Schadt E, Lam HYK.
Gaining comprehensive biological insight into the transcriptome by
performing a broad-spectrum RNA-seq analysis. Nat Commun. 2017;8(1):
59. https://doi.org/10.1038/s41467-017-00050-4.

19. Cunningham F, Achuthan P, Akanni W, Allen J, Amode MR, Armean IM,
Bennett R, Bhai J, Billis K, Boddu S, Cummins C, Davidson C, Dodiya KJ,
Gall A, Girón CG, Gil L, Grego T, Haggerty L, Haskell E, Hourlier T,
Izuogu OG, Janacek SH, Juettemann T, Kay M, Laird MR, Lavidas I, Liu Z,
Loveland JE, Marugán JC, Maurel T, McMahon AC, Moore B, Morales J,
Mudge JM, Nuhn M, Ogeh D, Parker A, Parton A, Patricio M, Abdul
Salam AI, Schmitt BM, Schuilenburg H, Sheppard D, Sparrow H,
Stapleton E, Szuba M, Taylor K, Threadgold G, Thormann A, Vullo A,
Walts B, Winterbottom A, Zadissa A, Chakiachvili M, Frankish A, Hunt SE,
Kostadima M, Langridge N, Martin FJ, Muffato M, Perry E, Ruffier M,
Staines DM, Trevanion SJ, Aken BL, Yates AD, Zerbino DR, Flicek P.
Ensembl 2019. Nucleic Acids Res. 2019;47(D1):745–51. https://doi.org/10.
1093/nar/gky1113.

https://doi.org/10.1186/s12859-020-3433-x
https://doi.org/10.1101/gr.5145806
https://doi.org/10.1016/J.CELL.2008.03.029
https://doi.org/10.1016/J.CELL.2008.03.029
https://doi.org/10.1093/nar/gks1193
https://doi.org/10.1093/nar/gky964
https://doi.org/10.1093/nar/gkq1019
https://doi.org/10.1093/nar/gkq1019
https://doi.org/10.1038/s41576-019-0150-2
https://doi.org/10.1038/nbt.2862
https://doi.org/10.1038/nbt.3519
https://doi.org/10.1038/nbt.3519
https://doi.org/10.1038/nmeth.4197
https://doi.org/10.1186/s13059-015-0734-x
https://doi.org/10.1186/s13059-015-0734-x
https://doi.org/10.1371/journal.pone.0216838
https://doi.org/10.1371/journal.pone.0216838
https://doi.org/10.1186/s12859-019-2728-2
https://doi.org/10.1186/s12859-019-2728-2
https://doi.org/10.1534/g3.119.400185
https://doi.org/10.1186/s12859-018-2139-9
https://doi.org/10.1186/s12859-018-2139-9
https://doi.org/10.1016/j.cels.2018.10.007
https://doi.org/10.1093/bib/bbw143
https://doi.org/10.1093/bioinformatics/btx023
https://doi.org/10.1038/s41467-017-00050-4
https://doi.org/10.1093/nar/gky1113
https://doi.org/10.1093/nar/gky1113


Zhang and Jonassen BMC Bioinformatics          (2020) 21:110 Page 9 of 9

20. Miller JR, Koren S, Sutton G. Assembly algorithms for next-generation
sequencing data. Genomics. 2010;95(6):315–27. https://doi.org/10.1016/J.
YGENO.2010.03.001.

21. Nagarajan N, Pop M. Sequence assembly demystified. Nat Rev Genet.
2013;14(3):157–67. https://doi.org/10.1038/nrg3367.

22. Analytics C. Anaconda software distribution. Comput Softw Vers. 20162.
23. Koster J, Rahmann S. Snakemake–a scalable bioinformatics workflow

engine. Bioinformatics. 2012;28(19):2520–2. https://doi.org/10.1093/
bioinformatics/bts480.

24. Mcdonald JH. Handbook of Biological Statistics. Baltimore: Sparky House
Publishing; 2009, pp. 6–59. http://www.biostathandbook.com.

25. Kim D, Langmead B, Salzberg SL. HISAT: a fast spliced aligner with low
memory requirements. Nat Methods. 2015;12(4):357–60. https://doi.org/
10.1038/nmeth.3317.

26. Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P,
Chaisson M, Gingeras TR. STAR: ultrafast universal RNA-seq aligner.
Bioinformatics. 2013;29(1):15–21. https://doi.org/10.1093/bioinformatics/
bts635.

27. Okonechnikov K, Conesa A, García-Alcalde F. Qualimap 2: advanced
multi-sample quality control for high-throughput sequencing data.
Bioinformatics. 2015;32(2):566. https://doi.org/10.1093/bioinformatics/
btv566.

28. Liao Y, Smyth GK, Shi W. featureCounts: an efficient general purpose
program for assigning sequence reads to genomic features.
Bioinformatics. 2014;30(7):923–30. https://doi.org/10.1093/
bioinformatics/btt656.

29. Anders S, Pyl PT, Huber W. HTSeq–a Python framework to work with
high-throughput sequencing data. Bioinformatics. 2015;31(2):166–9.
https://doi.org/10.1093/bioinformatics/btu638.

30. Ewels P, Magnusson M, Lundin S, Käller M. MultiQC: summarize analysis
results for multiple tools and samples in a single report. Bioinformatics.
2016;32(19):3047–8. https://doi.org/10.1093/bioinformatics/btw354.

31. Robinson MD, McCarthy DJ, Smyth GK. edgeR: a Bioconductor package
for differential expression analysis of digital gene expression data.
Bioinformatics. 2010;26(1):139–40. https://doi.org/10.1093/
bioinformatics/btp616.

32. McCarthy DJ, Chen Y, Smyth GK. Differential expression analysis of
multifactor RNA-Seq experiments with respect to biological variation.
Nucleic Acids Res. 2012;40(10):4288–97. https://doi.org/10.1093/nar/
gks042.

33. Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. 2014;15(12):550.
https://doi.org/10.1186/s13059-014-0550-8.

34. Robinson MD, Oshlack A. A scaling normalization method for differential
expression analysis of RNA-seq data. Genome Biol. 2010;11(3):25. https://
doi.org/10.1186/gb-2010-11-3-r25.

35. Anders S, Huber W. Differential expression analysis for sequence count
data. Genome Biol. 2010;11(10):106. https://doi.org/10.1186/gb-2010-11-
10-r106.

36. Soneson C, Love MI, Robinson MD. Differential analyses for RNA-seq:
transcript-level estimates improve gene-level inferences. F1000Research.
2015;4:1521. https://doi.org/10.12688/f1000research.7563.2.

37. Himes BE, Jiang X, Wagner P, Hu R, Wang Q, Klanderman B, Whitaker
RM, Duan Q, Lasky-Su J, Nikolos C, Jester W, Johnson M, Panettieri RA,
Tantisira KG, Weiss ST, Lu Q. RNA-Seq Transcriptome Profiling Identifies
CRISPLD2 as a Glucocorticoid Responsive Gene that Modulates Cytokine
Function in Airway Smooth Muscle Cells. PLoS ONE. 2014;9(6):99625.
https://doi.org/10.1371/journal.pone.0099625.

38. Ren S, Peng Z, Mao JH, Yu Y, Yin C, Gao X, Cui Z, Zhang J, Yi K, Xu W,
Chen C, Wang F, Guo X, Lu J, Yang J, Wei M, Tian Z, Guan Y, Tang L,
Xu C, Wang L, Gao X, Tian W, Wang J, Yang H, Wang J, Sun Y. RNA-seq
analysis of prostate cancer in the Chinese population identifies recurrent
gene fusions, cancer-associated long noncoding RNAs and aberrant
alternative splicings. Cell Res. 2012;22(5):806–21. https://doi.org/10.1038/
cr.2012.30.

39. Yadetie F, Zhang X, Hanna EM, Aranguren-Abadía L, Eide M, Blaser N,
Brun M, Jonassen I, Goksøyr A, Karlsen OA. Rna-seq analysis of
transcriptome responses in atlantic cod (gadus morhua) precision-cut

liver slices exposed to benzo [a] pyrene and 17α-ethynylestradiol. Aquat
Toxicol. 2018;201:174–86. https://doi.org/10.1016/j.aquatox.2018.06.003.

40. Williams CR, Baccarella A, Parrish JZ, Kim CC. Empirical assessment of
analysis workflows for differential expression analysis of human samples
using RNA-Seq. BMC Bioinformatics. 2017;18(1):. https://doi.org/10.1186/
s12859-016-1457-z.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

https://doi.org/10.1016/J.YGENO.2010.03.001
https://doi.org/10.1016/J.YGENO.2010.03.001
https://doi.org/10.1038/nrg3367
https://doi.org/10.1093/bioinformatics/bts480
https://doi.org/10.1093/bioinformatics/bts480
http://www.biostathandbook.com
https://doi.org/10.1038/nmeth.3317
https://doi.org/10.1038/nmeth.3317
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/bioinformatics/btv566
https://doi.org/10.1093/bioinformatics/btv566
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1093/bioinformatics/btu638
https://doi.org/10.1093/bioinformatics/btw354
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/nar/gks042
https://doi.org/10.1093/nar/gks042
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1186/gb-2010-11-3-r25
https://doi.org/10.1186/gb-2010-11-3-r25
https://doi.org/10.1186/gb-2010-11-10-r106
https://doi.org/10.1186/gb-2010-11-10-r106
https://doi.org/10.12688/f1000research.7563.2
https://doi.org/10.1371/journal.pone.0099625
https://doi.org/10.1038/cr.2012.30
https://doi.org/10.1038/cr.2012.30
https://doi.org/10.1016/j.aquatox.2018.06.003
https://doi.org/10.1186/s12859-016-1457-z
https://doi.org/10.1186/s12859-016-1457-z

	Abstract
	Background
	Results
	Conclusions
	Keywords

	Background
	Implementation
	Results
	Quality control of raw reads and alignments
	Quantification of transcripts or genes
	Differential expression analysis
	Runtime

	Discussion
	Virtual environment by Conda
	Snakemake as framework
	Transciptome and genome as reference
	Comparison with other tools
	Extension of RASflow

	Conclusions
	Availability and requirements
	Supplementary informationSupplementary information accompanies this paper at https://doi.org/10.1186/s12859-020-3433-x.
	Additional file 1
	Additional file 2
	Additional file 3

	Abbreviations
	Acknowledgements
	Authors' contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	References
	Publisher's Note

